Introduction
Adipose tissue is the largest endocrine organ in the human body and has a role in the development 33 of insulin resistance, cardiovascular disease, type 2 diabetes and many other cardiometabolic 34 disorders. Adipose tissue is heterogeneous, it is comprised of an array of cell types including 35 adipocytes, pre-adipocytes, endothelial cells, and several immune cell subtypes (Rafols 2014 ). 36 Adipose tissue cellular composition changes in response to obesity and it is thought that this 37 change, in particular the marked increase in immune cell infiltration, contributes to some of the 38 negative health consequences of obesity (Chawla et in the population and how this affects health and disease. 41 42 Due to the biomedical importance and relatively easy physical accessibility of subcutaneous 43 adipose tissue, a large body of adipose transcriptomic datasets has been generated from healthy 44 volunteers and patients, including several studies with greater than 200 participants (Grundberg 45 et computationally accounting for cell-type composition in whole blood (Jaffe et al., 2014) , very 51 few studies have investigated the extent of cellular heterogeneity in other tissues and how it 52 impacts -omic level analyses (McCall et al., 2016) . Directly assessing cell composition in 53 adipose is challenging, methods such as flow sorting face technical difficulties including 54 adipocyte rupturing and shared cell-type specific surface markers, as well as low-throughput and 55
high expense when applied to hundreds of samples. Single-cell analysis could overcome some 56 of these considerations, however the complex logistics of population level collection of adipose 57 biopsies and expense of single cell analysis mean that there is considerable utility of in silico 58 deconvolution of 'omic profiles generated from bulk adipose tissue. 59 60
Here, we utilize in silico deconvolution to estimate the relative proportions of four distinct cell 61 types (adipocytes, macrophages, CD4+ t-cells and Micro-Vascular Endothelial Cells (MVEC)) 62 in bulk subcutaneous adipose tissue transcriptomes from two independent datasets; 766 63 individuals from TwinsUK and 326 post-mortem GTEx donors. We conduct extensive 64 simulations to investigate whether our methods accurately identify the relevant cell types, the 65 range of cell type detection possible and robustness to varying levels of noise and unknown cell 66 content (contamination). We find significant cellular heterogeneity within and between these 67 datasets. We recapitulate the well-known cellular hallmark of obesity, finding a positive 68 association between adipose tissue macrophage abundance and Body Mass Index (BMI), but 69 identify stronger relationships to DXA-derived body fat distribution traits. We assess the impact 70 of adipose cellular heterogeneity on standard 'omic analyses, including cis-eQTL discovery, co-71 expression networks and differential gene expression studies. identify the four cell types when applied to a set of independent, purified cell type RNA-seq 104 datasets). All benchmark cell types were estimated with high accuracy, with three out of four cell 105 types attaining ≥ 99% accuracy in prediction (Table S2 . Macrophages (93% accuracy) are 106 particularly difficult to purify, so it is possible that the 6% CD4+ t-cells we estimate in the 107 macrophage benchmark sample were present in the original purified macrophage sample. 108 109
We next assessed ability to estimate the constituent cell proportions of a mixture of known cell 110 types. We created 1000 in-silico mixtures of known proportions of each of the four cell types 111 with the independent purified cell type datasets ( (Figure 3) . These estimates agree with previously published 148 studies performed using flow cytometry (Supplemental All (Adipose tissue and purified cell) data were aligned, QC'd and quantified with the same 395 pipeline to ensure comparability. Reads were aligned to the hg19 reference genome with STAR 396 version 2.4.0.1 (Dobin et al., 2013 ). All aligned BAMs were then filtered to contain reads with a 397 mapping quality greater than 10 and only reads that were properly paired and had two or fewer 398 mismatches were kept. Samples were excluded if the failed to have more than 10 million reads 399 map to known genes or if the sequence data did not correspond to actual genotype data as assessed 400 using the 'mbv' mode of QTLtools (Delaneau et al., 2017) . GENCODE annotation v19 gene 401 counts were calculated using only protein coding genes without retained intron transcripts using 402 featureCounts (Liao et al., 2013 genes. CIBERSORT also reports the condition number (κ) of the signature matrix, a measure of 459 co-linearity and matrix stability. The signature matrix has a low kappa (κ = 3.22), suggesting a 460 well-conditioned matrix was achieved. CIBERSORT provides a deconvolution P-value per 461 sample, calculated from 1000 bootstrapped permutations (Newman et al. 2015) . We required a 462 deconvolution P-value < 0.01 corresponding to an FDR of 1%. 463 464
In-Silico mixture simulations 465
Purified cell types were combined at random proportions to generate 1000 in-silico simulated cell 466 mixtures, termed "the ground truth" (S). A mixture matrix (M) was generated by drawing 467 variables (equal to the total number of cells to form a mixture with) from a random uniform 468 distribution normalized to sum to one and multiplied by the purified cell matrix (C): A natural amount of noise is introduced into this problem because the purified cell types are 477 obtained from different laboratories, using different sequencing chemistries. This is ideal as the 478 same problem is present for the deconvolution of the real Adipose t 479 issue mixtures, making the simulated data more realistic. However, to make the problem more challenging and to assess the signature matrix's limit and ability to deal with noise in mixture profiles, we added scaled randomly distributed Gaussian noise to each simulated sample from 10% to 100%: y1 = y0 + x + y0 S x = is a random normal variable with X ~ N (0, 1) y0 = Simulated in-silico mixture y1 = Simulated in-silico mixture with added noise S = scale factor [0-1]
GTEx Histology Images and Pathologist notes
Histological images of GTEx biopsies along with accompanying pathologist notes were obtained from the GTEx web portal at https://gtexportal.org/home/histologyPage. Whilst the GTEx histology slides were prepared from a piece of material adjacent to the piece utilized for RNAseq, they are reflective of the overall tissue sample taken.
Heritability estimation
Heritability calculations were performed using OpenMx (Boker et al. 2011) . A standard ACE model was fitted in which additive genetic, common and unique environment variance components were estimated for macrophage and adipocyte proportion between twin pairs.
Association between cell-type composition and whole-body phenotypes Association between cell-type proportion and whole-body phenotypes (BMI, body fat distribution and age) were conducted in the TwinsUK datasets using linear models (lm) in R. All phenotypes were collected at the time of biopsy. Body-fat distribution measurements of android, gynoid and visceral fat volume were quantified (n = 652) using dual-energy X-ray absorptiometry (DXA; Hologic QDR 4500 plus) with the standard manufacturer's protocol.
BMI Transcriptome Wide Association Study
Each gene expression measurement (TMM) was tested as a dependent variable in a linear mixed effects model accounted for family structure as previously described in detail (Glastonbury et al. 2016) . Independent variables in addition to BMI and macrophage proportion included technical covariates that are well known to have strong effects on RNA-seq gene expression studies (Fixed effects: Insert size mode, mean GC content, Primer index) (Random effects: date of sequencing). We compared the model fit adjusted for macrophage proportion with the null model, not adjusted for macrophages, using a single degree of freedom ANOVA.
Weighted gene co-expression network analysis (WGCNA)
Signed weighted gene co-expression network analysis was carried out using WCGNA version 1.62 (Langfelder & Horvath, 2008 ) in R as previously described (Langfelder & Horvath, 2008 ). Gene networks have been shown to follow a scale-free topology. WGCNA finds modules/clusters of highly correlated co-expressed genes using soft thresholding. The overall process has been described previously.
Cis-eQTL analysis
For global cis-eQTL analysis, we defined each cis -window as a 1MB region around the TSS of each gene. SNPs with a MAF ≥ 5% were analysed. eigenMT was used to determine significant associations (Davis et al. 2016) . EigenMT calculates the number of effective tests per cis-window by performing eigenvalue decomposition and taking the effective number of tests as equal to the eigenvalues that explain 99% of the variance. This procedure has been shown empirically to control the FDR similarly to permutations. All analysis was performed using inverse-rank normalized gene expression residuals corrected for experimental covariates similar to the analysis presented in Glastonbury et al., 2016. All analysis was conducted using the MatrixeQTL package (Shabalin 2012) . PEER corrected residuals were obtained by correcting for 30 PEER factors (Stegle et al., 2012) .
Gene-by-environment interaction modelling
Interaction models were fitted using the 'modellinear cross' function in MatrixQTL (Shabalin et al., 2012) . To maximize the power to detect cis -eQTLs that are dependent on cell type proportion, we inferred 30 PEER factors using inverse-rank normalized gene expression residuals corrected for sequencing date, Zygosity and family structure. Interaction models for relative macrophage proportion were adjusted for the following covariates: 30 PEER factors, mean GC content, insert size, BMI and age. Macrophage proportion was also inverse normalized to ensure normally distributed errors.
Data Availability
TwinsUK RNAseq data is available from EGA (Accession number: EGAS00001000805). TwinsUK genotypes are available upon application to the TwinsUK cohort. GTEx data are available in dbGAP (phs000424.v7.p2). All SRA accession numbers for RNA-seq purified cell datasets for the construction of the adipose signature matrix can be found in Table S1 . 
